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Along with the large number of investors transacting on Islamic stocks, the movement of 
stock prices becomes more volatile. The purpose of this research is to examine the 
behavior of volatility patterns in shares incorporated in the Jakarta Islamic Index using 
the Generalized Autoregressive Conditional Heteroskedasticity (GARCH) model. This 
study uses daily data from six stocks contained in the Jakarta Islamic Index during the 
period January 1, 2009, to December 31, 2019. Data volatility is seen using the GARCH 
model. Estimation results for daily data show that the volatility of ASII, SMGR, TLKM, 
UNTR, and UNVR shares is influenced by the error and return volatility of the previous 
day. This is indicated by the GARCH effect on each regression result. The results of the 
study are beneficial for an investor, and if you want to invest with a low level of risk, you 
can choose TLKM shares. But if you're going to get a high level of return, you can invest 
in UNTR shares. For securities analysis, you can use the GARCH model that has been 
tested to predict volatility in the Jakarta Islamic Index. 
 




Since the beginning of its emergence, investment using Islamic principles has been 
quite attractive to many circles. In Indonesia, the number of sharia capital market 
investors increased by 41% in 2019, and the number of sharia capital market investors in 
2018 was 44,536, to 62,840 investors in 2019. Besides the number of investors, the market 
capitalization of sharia stock indexes in Indonesia continues to increase, from the 
beginning of its emergence in 2000, the market capitalization of the sharia stock index in 
2019 has increased by 3,022%. 
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Investment growth using sharia principles is not only developing and emerging in 
Muslim-majority countries but also in countries with a majority of non-Muslims 
(Boukhatem & Moussa, 2018). Many factors cause investment with sharia principles to 
be increasingly in demand, in addition to increasing Muslim growth there are too many 
findings that say investment assets that are based on sharia principles, provide a better 
diversification effect than investments with general laws (Hkiri, Hammoudeh, Aloui, & 
Yarovaya, 2017; Saiti, Bacha, & Masih, 2014). 
However, this advantage does not make sharia-based investment instruments risk 
free (Robiyanto, Santoso, & Ernayani, 2019). One of the risks of investing, especially in 
stocks, is changes in asset prices (Huber, Palan, & Zeisberger, 2019). This price change 
can occur with an increase in rate or a decrease in price caused by the sale and purchase 
of stock instruments in real-time every second on the capital market—the stock market 
experiences fluctuating price changes every day (Wahyudi & Sani, 2014). In the long run, 
the stock market is a promising place to invest, but in the short term, there are daily, 
weekly, and monthly stock prices that need to be anticipated (Yildiz, Karan, & Pirgaip, 
2017). Daily, weekly and monthly volatility can be a source of reference to predict how 
the next stock price will move (Tan, Yan, & Zhu, 2019). This volatility creates a risk 
where market value is sensitive to changes in stock prices, interest rates, and the exchange 
rate (Byström, 2014; Mahapatra & Bhaduri, 2019). 
 
 
       Figure 1 Growth of Sharia Stock Market Market Capitalization (in Billion Rupiahs) 
(Source: Financial Services Authority, 2019) 
 
For investors, it is essential to analyze the volatility of stock price movements to 
get high stock returns (Tan & Tas, 2019). High data volatility can lead to the emergence 
of current period errors that are affected by previous period errors (Sugiharti, Esquivias, 
& Setyorani, 2020). If this is not handled, it will be difficult to estimate, because there is 
a high error value (Natarajan, Singh, & Priya, 2014). This happens because data with high 
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Volatility cannot be observed with a simple method, because it has 
heteroscedasticity (Ismail, Audu, & Tumala, 2016). Various models have been created to 
estimate volatility, one of which is widely known is the conditional heteroscedastic model 
(Livingston, Yao, & Zhou, 2019). The main objective of building this model is to make 
good predictions for further volatility movements, which can help determine portfolio 
allocations more efficiently and more accurate risk management (Chandrinos & Lagaros, 
2018; Nayak, Pai, & Pai, 2016). 
One application of modeling volatility in the real world is the Capital Asset Pricing 
Model (CAPM). According to Bodie, Kane, and Marcus , CAPM is a model that describes 
the relationship between systematic risk and expected return on assets. This model can be 
used as a reference to whether an investment is feasible (Bodie, Kane, & Marcus, 2008). 
Expectations of higher returns must accompany additional risks contained in finance. The 
CAPM model suggests that assets with a high degree of sensitivity to market volatility 
should have higher return expectations (Southall, 2008). 
Research related to the volatility of the Islamic stock index has been previously 
conducted by Nasr, Lux, Ajmi, & Gupta (2016) on the Islamic stock index in America. 
Then by Gold, Wang, Cao, & Huang (2017) in the capital markets in Canada. Oberholzer 
& Venter (2015) also examined the volatility of the stock market in London. In addition 
to the Americas and Europe, research related to stock volatility has also been studied by 
Abdulkarim, Akinlaso, Hamid, & Ali (2020) on Islamic stocks and crude oil prices in 
Africa, Jebran, Chen, & Zubair (2017) on the Islamic and conventional indexes on the 
Pakistan capital market. Lin (2018) on the stock index on the Shanghai stock exchange. 
Birău & Trivedi (2015) on the Indian stock exchange. Not only that, but research on stock 
volatility has also been carried out on regional indexes, as conducted by Salisu & Gupta 
(2019) on local indexes of BRICS countries (Brazil, Russia, India, China, and South 
Africa). Then Erdogan, Gedikli, & Çevik (2020) on the Islamic stock index and foreign 
exchange markets in Turkey, India, Malaysia. And Rizvi & Arshad (2017) on the global 
Islamic and conventional index. 
From the research that has been studied, no one studies the effects of volatility 
found on the Jakarta Islamic Index (JII) in Indonesia. Considering that the market 
capitalization in JII and the number of sharia investors continue to increase, it is essential 
to study the patterns of volatility in the index. This research can contribute, first, 
consideration for business entities in anticipating changes. Second, the results of this 
study predict stock movements with reasonable accuracy using a different approach. 
Third, this research is also a reference for stakeholders in determining policy. Fourth, this 
study is useful for investors in analyzing the volatility of stock price movements to obtain 
the expected stock returns. 
 
LITERATURE REVIEW 
Research related to volatility has been conducted several times by various 
researchers in the world, including research conducted by Erdogan, Gedikli, and Cevic a 
study examining the volatility spillover effect between the sharia stock market and the 
foreign exchange market found that the volatility spillover effect was only found in the 
Turkish sharia stock market, not with the Malaysian and Indian stock markets which were 
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the object of research (Erdogan et al., 2020). This study uses the Generalized 
Autoregressive Conditional Heteroscedasticity or GARCH (1,1) model. 
In addition to research conducted on the stock market in Europe and Asia, studies 
related to stock volatility on the Islamic index are also performed on the American 
continent. Nasr, Lux, Ajmi, and Gupta found that because basically some of the stocks 
contained in the Dow Jones Islamic Stock Market Index are also in the conventional 
index, the risk and volatility characteristics of the Dow Jones Islamic Stock Market Index 
are not much different from conventional ones (Nasr et al., 2016). This is in line with the 
results of researchers' testing by using the Fractionally Integrated Generalized 
Autoregressive Conditional Heteroscedasticity (FIGARCH) model and the Fractionally 
Integrated Time-Varying Generalized Autoregressive Conditional Heteroscedasticity 
(FITVGARCH). 
Abdulkarim, Akinlaso, Hamid, and Ali by using the Maximal Overlap Discrete 
Wavelet Transform (MODWT), Continuous Wavelet Transform (CWT), and multivariate 
Generalized Autoregressive Conditional Heteroscedasticity Dynamic Conditional 
Correlation (GARCH-DCC) found that almost all sharia indexes in the African continent 
have the advantage of diversification due to the low volatility of changes in crude oil 
prices (Abdulkarim et al., 2020). Meanwhile, Rizvi and Arshad conducted a study on 
global sharia, and conventional indices found that the sharia stock index tends not to be 
too affected by the global economic crisis, so the researchers concluded that the low 
systematic risk of sharia-based equity was able to offer better portfolio diversification 
opportunities (Rizvi & Arshad, 2018). 
Research related to volatility modeling has also been carried out on the stock market 
in Chin a.Lin found that the SSE Composite Index, has a time-varying and clustering 
pattern, this result is in line with the discovery of the Autoregressive Conditional 
Heteroscedasticity (ARCH) and Generalized Autoregressive Conditional 
Heteroscedasticity (GARCH) effects on the index (Lin, 2018). Saiti, Bacha and Masih 
used the Dynamic Multivariate Generalized Autoregressive Conditional 
Heteroscedasticity method (Saiti et al., 2014). Researchers found that shares based on 
sharia principles have no leverage effect due to the upper limit of the amount of debt-
based assets issued by the sharia supervisory board. 
Jebran, Chen and Tauni, using several methods to examine the transmission of 
volatility and the relationship between Islamic indices and conventional indices, using the 
Vector Error Correction Model (VECM), researchers found that there were significant 
short and long term relationships between the Islamic index and conventional indices, 
meanwhile using the Generalized Autoregressive Conditional Heteroscedasticity 
(GARCH) and Exponential Generalized Autoregressive Conditional Heteroscedasticity 
(EGARCH) models found asymmetric bidirectional volatility spillover between sharia 
index and conventional index (Jebran et al., 2017). 
Babu and Reddy using partition interpolation based on the model Auto-Regressive 
Integrated Moving Average-Generalized Autoregressive Conditional Heteroscedasticity 
(ARIMA-GARCH) model to predict stocks in India, the results of these models can 
forecast well, unlike the traditional ARIMA model (Babu & Reddy, 2015). Hkiri, 
Hammoudeh, Aloui and Yarovaya found that when the global economic crisis, assets with 
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Islamic principles have better performance than conventional assets, this study found a 
time-varying pattern and testing using the GARCH model (Hkiri et al., 2017). 
Birau and Trivedi estimated the long-term volatility on the National Stock 
Exchange of India using the GARCH model. The results showed that the CNX-100 index 
is part of the Indian NSE has a more energetic volatility pattern and a positive market 
trend after 2013 (Birău & Trivedi, 2015). Vipul and Sharma forecast volatility in various 
stock indices in the world using multiple conditional variance models. The results show 
that the Exponential Weighted Moving Average (EWMA) model has a superior 
performance in predicting volatility compared to the EGARCH and RGARCH models 
(Vipul & Sharma, 2016). 
 
METHOD 
The data used are shares contained in the Jakarta Islamic Index 30 (JII 30) from 
2009 to 2019 daily. The selection of JII 30 as an object of observation is based on sharia 
principles that underlie the formation of the index and the liquidity status of the index. 
Six companies that never left the Sharia index 30 during the observation year, namely 
four companies engaged in manufacturing consisting of one company in the different 
industry sectors, namely PT. Astra Internasional, Tbk (ASII), two companies in the 
consumer goods industry sector, namely PT. Kalbe Farma, Tbk (KLBF), and PT. Unilever 
Indonesia, Tbk (UNVR), and one company in the primary and chemical industry sectors, 
namely PT. Semen Indonesia, Tbk. (SMGR). Then there are two companies engaged in 
services, namely PT. Telekomunikasi Indonesia, Tbk (TLKM) in the infrastructure, 
utilities, and transportation sectors, and PT. United Tractors Indonesia, Tbk (UNTR) is 
located in the trade, service, and investment sectors. 
Financial data that are time series have the characteristics of extended memory, 
leptokurtic, volatility clustering (Boako, Agyemang-Badu, & Frimpong, 2015). The use 
of the Ordinary Least Square (OLS) model on data that has volatile characteristics, will 
cause the model not to be able to explain conditions well, because volatility in the data 
indicates changes in the mean and variance, while the OLS model requires that the mean 
and variation must be constant (Enders, 2004). 
To overcome this, the model that can capture dynamic data is the Autoregressive 
Conditional Heteroscedasticity (ARCH) (Engle, 1982). Then by Bollerslev, the model 
was re-developed into Generated Autoregressive Conditional Heteroscedasticity 
(GARCH). So in the research that aims to see and model the volatility patterns on stocks 
contained in the JII 30 index, this study uses the GARCH model. GARCH model is a 
model that can be used for forecasting using variance data in period t-1. Before 
forecasting using the variance in period t-1, researchers conduct trials first by modeling 
the Box-Jenkins ARIMA modeling. The Box-Jenkins ARIMA model is a model that can 
predict using original t-1 period data (Box, Jenkins, Reinsel, & Ljung, 2015). 
The GARCH model has several assumptions that must be met. Namely, the data 
must be stationary, and the data has a heteroscedasticity effect. To do a stationary test, 
the writer uses the Unit Root Test. Before doing the ARCH and GARCH models, the 
author first determines the Box-Jenkin ARIMA model. The best model has been found, 
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and the data contains heteroscedasticity through the ARCH-LM test, then the trial 
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RESULTS AND DISCUSSION 
Figure 2 shows the daily price movement and the regular return movement of the 
observed object. Based on this picture, each of the stock returns and stocks that were the 
object of observation has a high level of volatility. In general, the movement of the seven 
variables above shows a significant change in return followed by a difference in a more 
substantial performance and a change in a small return followed by a change in a more 
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Figure 2. Stock Price and Return 
 
Table 1, we can find that TLKM has the lowest data distribution; this shows that 
the data has the lowest volatility risk value compared to the other six stocks. Meanwhile, 
UNTR has the highest Maximum value of 0.14743. This indicates that within one day, 
the return from UNTR can reach 14,763%. Still, this high return is in line with high risk 
as well, UNTR has a value of data distribution or risk of 0.02427 or up to 2,427%, the 
biggest among other variables. 
 
Table 1. Descriptive statistics 
 ASII KLBF SMGR TLKM UNTR UNVR 
Mean 0.000635 0.001096 0.000384 0.000366 0.000529 0.000602 
Maximum 0.133531 0.19807 0.144831 0.072925 0.147636 0.132172 
Minimum -0.10325 -0.18527 -0.12202 -0.09097 -0.106610 -0.128914 
Std. Dev 0.021344 0.021786 0.022489 0.017638 0.024274 0.018871 
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From the unit root test using Augmented Dickey-Fuller (Table 2), it can be seen 
that the value of the Augmented Dickey-Fuller Test Statistics is smaller than the value of 
the critical values test at the 5% level) meaning that from this test it is found that all 
variables are stationary. 
 
Table 2. Unit root test 
Variable 
Level 
ADF test statistic Prob* 
ASII -33.30286 0.0000 
KLBF -55.03628 0.0000 
SMGR -53.56912 0.0000 
TLKM -31.07779 0.0000 
UNTR -39.17189 0.0000 
UNVR -34.19500 0.0000 
 
After ensuring the stationary data, the next step is to determine the best ARIMA 
model. After overfitting, Table 3 shows the best ARIMA model (p, d, q) with the criteria 
of having the smallest Akaike Info Criterion (AIC) value and the probability value of each 
significant variable. 
 
Table 3. Overfitting ARIMA models (p, d, q) 
Variable ARIMA (p,d,q) Akaike Info Criterion Prob. 
ASII ARIMA (2,0,2) -4.861780 (0,0) 
KLBF ARIMA (1,0,1) -4.816387 (0,0) 
SMGR ARIMA (1,0,1) -4.753522 (0,0) 
TLKM ARIMA (4,0,3) -5.243202 (0,0) 
UNTR ARIMA ((2,0,3) -5.248834 (0,0) 
UNVR ARIMA (1,0,1) -5.113370 (0,0) 
 
The results of heteroscedasticity testing (Table 4) using the ARCH-LM test found 
that the data contained heteroscedasticity because the probability value of the F Statistic 
was 0.0000 - 0.0001 below the significant amount of 0.05. So the data can be continued 
with the ARCH-GARCH Model test. 
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The results of selecting the best GARCH model for each variable (Table 5). The 
selection of the best model is based on the smallest AIC value and the significant 
coefficient value. 
 
ASIIh𝑡 = 5.74E-6 + 0.040143 𝜀𝑡−12 + 0.94601h𝑡−1 
 
The ASII model provides information that the level of ASII stock risk is influenced 
by the amount of return value the previous day and the standard deviation of the average 
for the last day. 
 
KLBFh𝑡 = 4.64E-6 + 0.201118 𝜀𝑡−12 − 0.161579 𝜀𝑡−22 + 0.950452h𝑡−1 
 
The KLBF model provides information that the risk level of KLBF shares is 
influenced by the amount of return value of two days before and the amount of standard 
deviation of the average for the previous day. 
 
SMGRh𝑡 = 3E-5 + 0.09051𝜀𝑡−12 + 0.850636h𝑡−1 
The SMGR model provides information that the risk level of SMGR shares is 
influenced by the amount of return value the day before and the amount of standard 
deviation of returns from the average for the previous day. 
 
TLKMh𝑡 = 2.58E-6 + 0.110825𝜀𝑡−12 + 0.805676h𝑡−1 
 
The TLKM model provides information that the level of TLKM stock risk is 
influenced by the amount of return value the day before and the amount of standard 
deviation of return from the average for the previous day. 
 
UNTRh𝑡 = 3.02E-5 + 0.063057𝜀𝑡−12 + 0.884177h𝑡−1 
 
The UNTR model provides information that the level of risk of UNTR shares is 
influenced by the amount of return value the day before and the amount of standard 
deviation of the average for the previous day. 
 
UNVRh𝑡 = 1.92E-5 + 0.101807 𝜀𝑡−12 + 0.844605h𝑡−1 
 
The UNVR model provides information that the risk level of UNVR shares is 
influenced by the amount of return value the day before and the amount of standard 
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Table 5. Overfitting Model GARCH (p,q) 
  (p,q) C ARCH (t-1) ARCH (t-2) GARCH (t-1) Prob AIC 
ASII (1,1) 0,00000574 0.040143 - 0.94601 0 -4.981019 
KLBF (2,1) 0.00000464 0.201118 -0.161579 0.950452 0 -5.00668 
SMGR (1,1) 0.00003 0.09051 - 0.850636 0 -4.84947 
TLKM (1,1) 0.0000258 0.110825 - 0.805676 0 -5.32657 
UNTR (1,1) 0.0000302 0.063057 - 0.884177 0 -4.66679 
UNVR (1,1) 0.0000192 0.101807 - 0.844605 0 -5.25337 
 
Testing the accuracy of the model to capture errors was tested with three test 
equipment, namely the ARCH-LM Test to examine whether there is still a 
heteroscedasticity effect on the error, Correlogram Q Statistics test to check whether the 
data is autocorrelated or not and Kurtosis test to see the distribution of errors. ARCH-LM 
test results found that the data did not contain heteroscedasticity effects after GARCH 
modeling. Correlogram Q Statistics test results found that the error was random, or the 
residual value was random. The normality test results by looking at kurtosis values 
indicate that the error distribution did not normally spread. 
 
Table 6. Diagnostic Model 
Heteroscedasticity Autocorrelation Normality 
0.4161 0.642 4.517665 
0.8058 0.344 7.254428 
0.1418 0.166 6.130655 
0.0954 0 4.83811 
0.6415 0.559 4.881869 
0.8 0.065 9.602536 
 
Research using the GARCH model to model volatility patterns on stocks is in line 
with previous studies on the same problem as the research conducted by Birau and Trivedi 
(Birău & Trivedi, 2015). The results show that stocks on the Jakarta Islamic Index have 
characteristics such as volatility clustering and leptokurtosis. This characteristic is very 
reasonable to be found in its financial time series data. This characteristic was also found 
in some previous studies, such as the research conducted by Boako, Aegyamang-Badu 
and Frimpong (Boako et al., 2015). From testing the GARCH model, it was found that 
almost all the value of stock volatility in the Jakarta Islamic Index was influenced by the 
error and volatility of the return one day before. Only the KLBF shares found that the 
value of stock volatility was affected by an error two days back, and the volatility of the 
return one day earlier. This is because the robust model for modeling KLBF stock 
volatility is the GARCH model (2,1). The results of diagnostic tests show that the 
GARCH model tested passed the ARCH-LM test and serial correlation test, indicating 
that the GARCH model was correctly determined. This result is in line with the same 
research model by Erdogan, Gedikli, and Cevic (Erdogan et al., 2020). 
 
Table 7. Prediction of Return in the Following Month 
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Month Prediction of Return Month Prediction of Return 
1 0.29% 13 -0.02% 
2 -0.14% 14 0.00% 
3 -0.15% 15 -0.01% 
4 -0.10% 16 0.09% 
5 -0.13% 17 0.08% 
6 -0.01% 18 -0.03% 
7 0.06% 19 0.04% 
8 -0.03% 20 -0.01% 
9 0.02% 21 -0.10% 
10 -0.06% 22 0.06% 
11 -0.04% 23 0.06% 
12 0.02% 24 0.00% 
 
The Jakarta Islamic Index (JII) index consists of 30 stocks based on sharia 
principles that have high liquidity and sound financial performance. The number of 
Islamic stocks is 415, but 30 JII can be the leading stocks with principles that do not 
deviate from Islam. Like stock movements in general, JII is also affected by the sentiment 
that occurs globally and locally. The global sentiment that can influence the JII movement 
is the relationship between the United States (US) and China. Meanwhile, from local 
sentiment, the Central Statistics Agency (BPS) announced Indonesia's trade balance data 
(Trade Balance) for September with a US $ 160 million deficit. The next sentiment came 
from foreign investors who still tend to sell shares. Foreign investors have sold 2.5 trillion 
rupiahs of shares on the stock market. The figure even becomes 3.33 trillion rupiahs when 
added with transactions on the negotiable and cash markets.  
However, the Jakarta Islamic Index (JII) has increased by 5.81% from the beginning 
of 2021 or greater than the strengthening of the Composite Stock Price Index (IHSG), 
which increase rise 4.66%, and the LQ45 index, which grew 4.75%. JII has strengthened 
higher due to the increase in the mining sector, which has a smaller weight on the JCI, 
but significantly in JII. Mining share prices have strengthened due to the sentiment of 
nickel commodity prices and the potential for excellent nickel demand in the future as 




Estimation results for daily data show that the volatility of ASII, SMGR, TLKM, 
UNTR, and UNVR shares is influenced by the error and return volatility of the previous 
day. This is indicated by the GARCH effect on each regression result. Meanwhile, KLBF 
shares were affected by the error of 2 previous periods and the volatility of the last day's 
return. If you look at the descriptive statistics table, then UNTR shares have the highest 
volatility risk, but also have the highest rate of return among all stocks tested. 
The results of the study are beneficial for an investor, and if you want to invest 
following Islamic principles with a low level of risk, you can choose TLKM shares. 
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Observations show that TLKM shares have a lower standard deviation distribution than 
the other five Islamic stocks. But if you want to get a high level of return, you can invest 
in UNTR shares. For security analysis, it can use the GARCH model that has been tested 
to predict the volatility of the Jakarta Islamic Index. So it can calculate the right level of 
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